Vegetation indices obtained from remote sensed data can be used to characterize crop canopy on a large scale using a non-destructive method. With the recent launch of the IKONOS satellite, very high spatial resolution (1 meter) images are available for the detailed monitoring of ecosystems as well as for precision agriculture. The aim of this study is to evaluate the accuracy of leaf area index (LAI) retrieval over agricultural area that can be obtained by empirical relationships between different spectral vegetation indices (VI) and LAI measured on three different dates over the spring-summer period of 2008, in the Capitanata plain (Southern Italy). All the VIs used (NDVI, RDVI, WDVI, MSAVI and GEMI) were related to the LAI through exponential regression functions, either global or crop-dependent. In the first case, LAI was estimated with comparable accuracies for all VIs employed, with a slightly higher accuracy for GEMI, which determination coefficient achieved the value of 0.697. Whereas the LAI regression functions were calculated separately for each crop, the WDVI, GEMI and RD-VI vegetation indices provided the highest determination coefficients with values close to 0.90 for wheat and sugar beet, and with values close to 0.70 for tomatoes. A validation of the models was carried out with a selection of independent sampling data. The validation confirmed that WDVI and GEMI were the VIs that provided the highest LAI retrieval accuracies, with RMSE values of about to 1.1 m 2 m -2 . The exponential functions, calibrated and validated to calculate LAI from GEMI, were used to derive LAI maps from IKONOS high-resolution remote sensing images with good accuracy. These maps can be used as input variables for crop growth models, obtaining relevant information that can be useful in agricultural management strategies (in particular irrigation and fertilization), as well as in the application of precision farming.
Introduction
Scientific literature reports a widespread use of remote sensing images acquired in visible, infrared and microwave radiation ranges. These are used in order to obtain information about land use, vegetation status, soil moisture, surface roughness and, in general, to estimate crop and soil information, as well as in applicative studies on plant nutrition, plant protection and precision agriculture (Moran et al., 1997; D'Urso, 2001; Coquil and Bordes, 2005) .
The leaf area index (LAI) is a determinant crop factor in mechanisms such as radiation interception and water and energy exchange and it is an important variable for crop growth models. Therefore, accurate measurements of LAI are essential to understand the interaction between crop growth, management and pedo-climate condition environment. In addition, LAI is an important biological variable because it represents the area that interacts with solar radiation and it is a measurement of the surface responsible for carbon absorption and gas exchange with the atmosphere. This information is useful in water resource management and for estimation of crop water stress indicators by means of crop simulation models. Indeed, an important application of LAI maps is their assimilation into a Decision Support System to improve the accuracy of crop growth models (Acutis et al., 2010) .
Ecosystem models, usually applying large spatial scales, require a great number of in-situ LAI measurements or simulated LAI in their set-up. The possibility of estimating spatially distributed LAI from remotely sensed data is therefore an application of great interest (Running et al., 1999; Dente et al., 2008) . LAI can be derived from remote sensed data mainly by applying empirical models, i.e. statistical relationships built on remote sensing vegetation indices (VI) and LAI ground measurements. The main underlying issue in the use of VIs is their potential lack of generalisation of empirical relationships, which, when established with a specific dataset, will not necessarily give good results for other situations. On the other hand, on specific sites and using high resolution remote sensed data, these methods can give accurate LAI estimates.
A number of different VI was been developed by various authors in order to improve the sensibility of the indices to the parameter which has to be obtained, while minimising the interference of external factors such as soil background, conditions of illumination and observation and atmospheric diffusion.
Efforts are currently in progress to improve the simulation performances of distributed models with the assimilation of LAI derived from VI calculated by means of remote sensing information, usually via Normalized Difference Vegetation Index (NDVI) (Acutis et al., 2008; Dente et al., 2006 and Jarlan et al., 2008; Gigante et al., 2007) .
The aim of this study is the evaluation of LAI estimates that can be obtained by empirical relationships between vegetation indices calculated from high resolution satellite data and measured leaf area index, for identifying which is the VI that can provide the best results.
Materials and methods

Ground measurements
Field measurements were carried out in 2008 in the Capitanata plain (Fig. 1) , located in the northern part of the Apulia region (Southern Italy). The most widespread crops are winter wheat (rainfed), sugar beet, tomato, vegetables, grapevine and olive orchards. A large flat area (about 150 km 2 ) was surveyed in May, June and July, when three IKONOS images were acquired. The parameters of crop type, LAI, green canopy cover percentage, plant height and phenological stages were all monitored as the satellite passed overhead. Ground truth measurements were collected together with images of different crop types at different growth stages and under various soil types.
A total of 105 fields were surveyed (mainly sugar beet, tomato and durum wheat) (Tab. 1). Agricultural fields were chosen for their yield conditions and on the basis that they were large enough (greater than 2 ha) to link field-averaged measurements with field-averaged remote sensed observations through Global Positioning System (GPS) data. A Garmin GPS 76 model receiver with 12 parallel channels continuously tracked the area and used up to 12 satellites to compute and update positions. Acquisition times were approximately 15 seconds in warm conditions and approximately 45 seconds in cold conditions, with position accuracy less than 15 meters.
Leaf Area Index
Leaf area index is defined as the total one-sided leaf area per unit ground surface area (i.e., m USA) which uses a fish-eye lens with a hemispheric field of view (± 45°). The detector is composed of five concentric rings (sensitive to radiation below 490 nm). Each ring responds over a different range of zenith angles and radiation is thus azimuthally integrated. The measurements were collected in one sensor mode using a 45°view cap, in clear sky condition, to avoid interferences from users shadow's. For each field, LAI was measured once above the canopy to obtain reference values and six times below the canopy before being averaged out.
High resolution images
IKONOS is a high-resolution commercial earth observation satellite, owned by the Lockheed Martin Corporation. It was launched on September 24, 1999 from Space Launch Complex 6 (SLC-6) at Vandenberg Air Force Base in California. This satellite has a polar, circular, sunsynchronous 681 km orbit and both sensors have a swath width of 11 km.
The satellite sensor can generate 1 meter panchromatic and 4 meters multiband images with off-nadir viewing of up to 60.25°for better revisit rate and stereo capabilities. The panchromatic imagery has a spectral wavelength interval ranging from 0.45 to 0.9 µm while the multispectral imagery includes four bands in the blue, green, red and near-infrared part of the spectrum (0. 45-0.52, 0.52-0.60, 0.63-0.69, and 0.76-0.90 µm) .
A total of three IKONOS exploitable remote sensing images were acquired during the crop growth season in 2008, with a scene size of about 150 km 2 (25 x 6 km) ( Fig. 1) . When multi-temporal data were used, there was the potential for a number of errors due to differences in sun illumination, viewing geometry, and also forth on different acquisition days. To reduce the effects of these factors on VI calculation, IKONOS bands were normalized, converting the Digital Number (DN) into the Top Of Atmosphere (TOA) reflectance by using corresponding calibration coefficients and equations Figure 1 . Ground measurement area, with the monitored fields pointed out in red over the IKONOS images. (Taylor, 2005) . The measurement area lies on a flat surface, so the effects of local surface topography were absent. Moreover, the atmospheric conditions during the acquisition were good, therefore no atmospheric correction method was applied.
Vegetation indices
The biophysical definition of a vegetation index is a quantitative measurement of crop canopy related to plant biomass or vegetative vigour. It is usually calculated from combinations of two or three spectral bands (with red and near-infrared the most common), in order to obtain a single value (index) that is related to the vegetation growth.
In attaining LAI from remote sensing data through the evaluation of VI, agronomic management (plant density, nitrogen fertilization), soil (type, roughness, colour) and atmosphere (fog) are particularly influential factors. Consequently, more than 40 different vegetation indices can be found in literature for remote sensing applications and research (Bannari et al., 1995) , some focused on vegetation and plant structure, others taking into account soil reflectance and others considering atmospheric influence. Main agricultural applications of VI are for the estimation of water status, evaporation rates, surface resistance and nitrogen stress, as well as the determination of water stress on regional scales (Nemani and Running, 1989; Nemani et al., 1993) .
The vegetation indices and their equations used in this research are shown in Table 2 .
Intrinsic indices.
The Normalized Difference Vegetation Index (Tucker et al., 1979) was one of the earliest vegetation indices to be widely adopted. NDVI is obtained from bands acquired in the red and near-infrared portions of the spectrum. Reflectance in the red region decreases with the increasing chlorophyll content of the plant canopy, while reflectance in the infrared increases with increasing wet plant biomass. Their normalized differences give a measure of the greenness and vigour of the vegetation.
Renormalized Difference Vegetation (RDVI) is a "hybrid" index, such as the indices proposed by Roujean and Breon (1995) . These are supposed to minimize the drawbacks of NDVI in both low and high vegetation coverage. It appears to be more capable of appreciating the long-term evolution of crop canopy or analyzing the spatial variability of heterogeneous or discontinuous canopy covers. 
Indices to reduce atmospheric effects.
The atmospheric effects on vegetation indices are generally radiance dispersion and the absorption of aerosols and water vapour. The dispersion effect is greater in visible bands. However, the degree of absorption is higher in infrared bands. In order to minimize atmospheric effects, a non-linear index called the Global Environmental Monitoring Index (GEMI) was proposed by Pinty and Verstraete (1992) .
Indices to reduce the influence of soil types.
Some vegetation indices adopt the concept of the soil line, i.e. the relation between visible and infrared reflectance from bare soil that is generally linear, to obtain indices that are better related to the vegetation (Rondeaux et al., 1996) . For example, the Weighted difference vegetation index (Clevers and Verhoef, 1993 ) (WDVI) expresses the distance between red and near-infrared reflectance of vegetation and the soil line. Another index is the Modified Soil Adjusted Vegetation Index (MSAVI) (Baret et al., 1991; Qi et al., 1994) . This index reduces soil influence, especially for agricultural crops or homogeneous plant canopy, and improves the sensitivity of the index to the vegetation.
Statistical relationships
LAI (dependent variable) and vegetation indices (independent variables) were analysed with the Procedure REG of SAS/STAT software (SAS, 1987) to evaluate various regression functions by estimating the corresponding regression coefficients and then identifying the regression function with the highest determination coefficients (R 2 ). These relationships were calculated separately for durum wheat, sugar beet, tomato, grapevine and other crops.
In literature, various linear and non-linear regression functions have been adopted to relate LAI and VI (Xiao et al., 2008) . Often a nonlinear relationship between LAI and VI has been reported (Holben and Justice, 1980; Choudhury, 1987; Qi et al., 2000) . For example, Qi et al. (2000) found that a third-order polynomial function of LAI-NDVI and a linear LAI-NDVI relationship both fit well at low vegetation density (LAI < 1.2). However, the difference between the two equations becomes significant at larger LAI where leaves layers overlap themselves and NDVI becomes saturated and insensitive to the changes of LAI.
Validation
From a total of 105 sampling points, 29 were excluded from the analysis and used for the following validation phase. In Table 1 the dates and the crops of the points used to validate the obtained relationships are shown in brackets. In particular, the regression coefficients obtained for all the crops were used to estimate LAI values.
The statistical indices used in the validation phase are described as following. The RMSE (Loague and Green, 1991; Xevi et al., 1996) is defined by where M i and S i are the measured and simulated values, respectively, for the ith data point of n observations.
The coefficient of residual mass (CRM) was used to measure the tendency of the model to overestimate or underestimate the measured values. A negative CRM indicates a tendency of the model toward overestimation (Xevi et al., 1996) . The CRM is defined by The index of model efficiency (EF) is particularly significant because it allows for the immediate identification of inefficient models. It is upper-bounded by 1 and can assume negative values (lower-bounded at negative infinity). Negative values of EF indicate that the average value of all measured values is a better predictor than the model used.
For graphical representations, the linear regression equation and the 1:1 line of measured vs. simulated values was used.
Results
From this measurement observation, green canopy cover (%) and plant height did not show any relationship with VIs; the R 2 of linear regression for green canopy cover percentage was significant, but low (0.52) and not significant for plant height (R 2 = 0.27). Two types of VI-LAI relationships are here presented. The first refers to a global regression function, i.e. obtained by adopting measurements carried out for all types of crops. The second refers to specialized relationships for each crop of interest. In both cases, the exponential regression function was used since it gave the best results.
The function parameters and determination coefficients obtained for both, the global and crop-dependent VI-LAI exponential regression functions, are shown in Tables 3, 4 and 5. The determination coefficients obtained by changing the VI employed in the global regression functions are comparable and they range from 0.678 to 0.698. A comparison of the VI for the global regression function showed that the greatest value of R 2 was obtained with the GEMI vegetation index (Tab. 5) in agreement with Leprieur et al. (1994) . The MSAVI showed values that were not well related to LAI when the VI was higher than 0.6, with a good fit at LAI values only when lower than 2.0 m 2 m -2 (Fig. 2) . The plots in Figure 2 show On the other hand, for crop-dependent regression functions, the highest determination coefficients were obtained for durum wheat and sugar beet (with an average of the 5 VI of R 2 = 0.857 and R 2 = 0.835, respectively), two crops that covered the soil completely as the satellite passed overhead, confirming previous studies (Broge and Leblanc, 2000) . The LAI values were well distributed in the range from 0.5 to 6 m 2 m -2 . For the tomato crop, which does not cover the soil completely, the average R 2 (0.686) was lower than wheat and sugar beet, but still significant. The other crops showed low determination coefficients for the effects of soil types and canopy cover (0.607 for other crops and 0.519 for grapevine).
Comparing the results obtained with the various VIs and considering each crop separately, it appears that the LAI for durum wheat and sugar beet is well correlated with the calculated VI with the exception of the MSAVI index, for which the lowest value was obtained. This occurs because these crops cover the ground completely and the effect of soil is minimized ( Fig. 3 and 4) . To summarise, for wheat and sugar beet the most correlated VIs were WDVI, RDVI and GEMI with values of R 2 close to 0.90 (Tab. 3, 4 and 5).
In literature it is reported that NDVI is very useful in estimating sugar beet foliage cover, but it is only partially sensitive to variations in LAI after complete foliage cover is given, as has been found for wheat (Asrar et al., 1984) and barley (Clevers, 1989) . NDVI was related to the LAI of sugar beet with an exponential function in line with Hoffmann and Blomberg (2004) . In this research the values found for a and b coefficients are compatible with the values found by the previously cited authors (a = 0.15, b = 5.01, R 2 = 0.80 for n = 180). In accordance with the same authors, we can confirm the difficulty of obtaining the LAI from remote sensing images in sugar beet with LAI values greater than 3.5 m 2 m -2 . The relationship obtained for tomato crops provided determination coefficient values close to 0.70 for GEMI, WDVI and RDVI, whereas they were slightly lower for NDVI and MSAVI. This crop, sown in paired rows at a row distance equal to 1.8 m, has a large uncovered soil percentage for long parts of the crop cycle. However, the use of VI taking into account the soil base line (WDWI and MSAVI) did not always improve the relationships. The correlation with other crops was fair, but showed a closer "LAI-VI" relationship at low vegetation density (LAI < 2.5 m 2 m -2 ). The LAI for grapevine was not estimated as efficiently as wheat by remote sensing (also as Table 6 and Figure 5 . We can generally observe that the average of the predicted LAI underestimates the average of measured LAI (more noticeable for WDVI). On the other hand, WDVI and GE-MI indices performed as the best statistical index. In fact, they provided the LAI retrieval with the lower RMSE, approximately equal to 1.1 m 2 m -2 . Graphically comparing the measured and estimated LAI values, a slope of regression lines very close to 1 and high regression determination coefficients (R 2 ) were obtained by the RDVI, WDVI and GEMI indices (Fig. 5) . In general, the validation process can be considered satisfactory for all the vegetation indices, giving LAI estimates which were well in agreement with the measured ones.
As a final step, using the exponential global regression function of LAI vs. GEMI, the LAI values were calculated for each pixel of the scenes of IKONOS images for May, June and July (Fig. 6 ). According to Satalino et al. (2008) , the maps show that over the whole area of the Capitanata plain, the cultivation of wheat is dominant (48%). In fact, the map of May shows the highest values of LAI; in the maps of June and July, after the durum wheat harvest, LAI values were generally lower. In the map of July (bottom left-hand corner) it is possible to observe some areas with values of LAI in the range of 4-5 m 2 m -2 ; after accurate analysis, these turned out to be irrigated areas of silagesorghum crop in a large cattle farm.
Conclusions
The estimation of the canopy leaf area index (LAI) and its spatial distribution is an important source of information derived from remotely sensed data over vegetated areas which can be used to develop approaches for cropland functions and productivity. For example, LAI maps can be used to retrieve crop coefficients to estimate crop water requirements, to evaluate use of soil land, to check irrigated areas and to obtain other important large-scale agronomic information. Figure 5 . Validation of LAI estimated with different vegetation indices for an independent data set using the relationships reported in Tables 3, 4 and 5. X axis = measured LAI; y axis = estimated LAI.
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In this study, exponential regression functions between different VIs extracted from IKONOS high resolution images and LAI were evaluated. The different VIs studied were NDVI, RDVI, WDVI, MSAVI and GEMI using experimental data acquired during the springsummer period of 2008 in the Capitanata plain (Southern Italy). Considering the global regression function obtained by merging the measurements of all the crops surveyed on the experimental site, the best predictor of LAI values was obtained by using the GEMI that provided a determination coefficient equal to 0.697. Considering the regression functions obtained for each crop separately, the most correlated VIs for wheat and sugar beet were WDVI, RDVI and GEMI with values of R 2 close to 0.90. For tomato, the same VI was again the most correlated with LAI, although with values of R 2 close to 0.70. The LAI for grapevine was not estimated as efficiently as wheat and sugar beet. Validation with independent data-sets confirmed that the higher LAI retrieval accuracies were obtained by using crop dependent regression functions obtained by WDVI and GEMI. In fact, they provided RMSE values of approximately 1.1 m 2 m -2 . Furthermore, it was demonstrated that it is possible to exploit LAI information retrieval from remote sensing at a regional scale, with significant advantages for agricultural applications. May June July Figure 6 . LAI maps derived from the exponential global regression function obtained for GEMI on the three measurement dates.
